Abstract
Hybrid metal nanoparticles, consisting of a nano-crystalline metal core and a protecting shell of organic ligand molecules, have applications in diverse areas such as biolabeling, catalysis, nanomedicine, and solar energy. Despite a rapidly growing database of experimentally determined atom-precise nanoparticle structures and their properties, there has been no successful, systematic way to predict the atomistic structure of the metal-ligand interface, which crucially affects the stability and physicochemical properties of the nanoparticle. Here, we devise and validate a general method to predict the atomistic structure of the metal-ligand interface of thiol-stabilized gold nanoparticles Aux(SR)y by using information about gold-thiol chemical bonding in a set of reference structures documented from experiments. Our method is successful in predicting the observed Au-S interfacial structure for a range of different Aux(SR)y particles with (x,y) = (36, 24) , (38, 24) , (102,44), (146,57), and (279,84), starting from the known structure of the gold core. In addition to predicting realistic interface structures, our method may prove to be useful for investigations on how the steric effects in the ligand layer affect the metal-ligand interface, as well as for predicting isomers and intermediate structures during cluster transformations induced by thermal dynamics or interactions with the environment. Our method is, in principle, easily modifiable for structural predictions of a large variety of hybrid nanomaterial systems once a suitable set of reference structures is available.
Hybrid metal nanoparticles, consisting of a nano-crystalline metal core and a protecting layer (shell) of organic ligand molecules, have applications in diverse areas such as biolabeling, catalysis, nanomedicine and solar energy. [1] [2] [3] [4] [5] [6] [7] [8] The core-shell framework structure of hybrid nanoparticles offers ample opportunities to tune the physico-chemical properties and functionalities of the particles via controlling the size, shape, elemental composition, and structure of the metal core, together with the chemical composition of the ligand shell. The chemical interactions between the metal atoms and ligand molecules at the core-shell interface are in a crucial role since they dictate the atomic-scale structure, stability, and ensuing properties of the particle.
The last decade has witnessed clear advancements in synthesis and experimental structural characterization of very small, atomically precise hybrid nanoparticles with 1-3 nm cores made of metals, stabilized by various organic ligands. 3 These particles are also called monolayer-protected clusters, MPCs, and they represent an interesting subclass of nanoparticles since their structures can be often characterized to atomic precision by using X-ray diffraction method on single MPC crystals. At the moment, more than 150 crystallographically solved structures of MPCs, involving noble metals, main group metals, and various ligand molecules such as thiols, phosphines and alkynyls, have been reported. 3 This facilitates fundamental studies of the structure-property relationships both experimentally and computationally.
In most cases, however, the knowledge of the nanoparticle structures does not reach the atom-level resolution and the ligand-metal interfaces may be ill-defined. Only partial structural knowledge may be available, e.g., by high-resolution electron microscopy where only the heavy atoms (metals) of the core may be visible. 9, 10 Smallest particles may have low-symmetry or disordered metal cores, and may not be amenable at all to experimental techniques that work well for structural characterization of atomically ordered bulk materials. 11 A practical solution is then to reach conclusions of potential atomic-scale structures by comparing measured properties, such as powder X-ray diffraction data, and various spectroscopic data, to computed properties based on extensive sets of potential candidate structures. A crucial question is then how realistic is the group of the candidate structures, i.e, can the structure corresponding to the true global total energy minimum be included in that group with a high probability. In general, global optimization methods suffer from limitations arising from a prohibitively (exponentially) increasing number of local energy minima in the structural space for system sizes that are larger than just a few metal atoms and ligand molecules. Another time-constraint arises from the fact that most measurable properties must be calculated numerically from the electronic structure using the platform of the density functional theory (DFT), which limits the number of structural candidates that can be examined. It is thus crucial to develop methods that can effectively suggest realistic atomicscale structures at a very low computational cost.
The data on atomically precise structures of MPCs, combined with an ever-growing number of measurements of their physico-chemical properties, collectively contains valuable chemical information on the atomic bonding and structure-property relations of these nanomaterials, which could be used for successful structural predictions of yet unknown nanoparticles. Here, we devise and demonstrate a general method for predicting metal-ligand interface structures of an unknown ligandprotected metal nanocluster. Our method is based on a local search algorithm that uses information about the known local atomic environments at the metal-ligand interface of reference nanostructures in the same class of hybrid nanoparticles. The specific example systems discussed in this work comprise gold (Au) nanoclusters protected by thiols (SR), and we demonstrate how experimentally verified Au-SR interface structures can be successfully built when the positions of all Au atoms in the cluster are first defined. However, the method itself is general and can be used for any type of nanoparticle or nanostructure if enough reference structural information is available in the same class of systems. The set of reference structures can be considered as a training set and the whole procedure to refine the candidates for the Au-S interfacial structures may be considered as an analogue to applying machine learning methodology to the structure prediction problem.
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Results
Structure prediction algorithm. Our procedure to build candidates for the atomic structure of goldsulfur interfaces is summarized in Algorithm 1 and Figure 1 . The main algorithm is divided into steps 0-4 as follows (the steps are also numbered the same way in Figure 1 ). These selected clusters include various different symmetries, cluster sizes, surface curvatures, surface morphologies, and protecting ligand motifs. Table 1 gives the full structural details of the clusters used for the validation. Ranking of the model structures was based on the predicted number of sulfur atoms in the Au-SR units and on the total number of sulfur atoms. In the following these five cases are discussed one-by-one.
Au102(SR)44.
Our first example is Au 102 (SR) 44 cluster, which has a decahedral Au79 core, and 19 short and 2 long protecting units arranged on the surface in C 2 symmetry. 19 For this example we formed the group of reference structures from two partial local structures: one short unit and one long unit ( Figure 3 ). This first example highlights one possible use of the introduced method: solving the overall interface structure starting from a given intuitive guess about the plausible local conformations that could exist on the surface. For the nearest neighbour distances and angles, which define the local environment, we used error margins of 0.25 Å and 15 degrees respectively. The phenyl ring of the pmercaptobenzoic acid (pMBA) was modelled by a rigid sphere of 2.5 Å radius.
Our algorithm was able to add at a maximum of 44 S-atoms around the known 102 Au-atoms within 300 generated model structures. For the correctly predicted structures, all of the 44 atoms were added into a unit-like conformations with no need for single bridged ligand inclusion. By ranking the model structures based on the number of S-atoms in unit-like conformation as well as in total created a simple rule to complete successfully the prediction of the true overall interface structure. In terms of chemistry this indicates that the model structure that maximizes the number of thiols on the surface is indeed the most stable and has the best protection against surface degradation. 7 out of 300 model structures were correctly generated by the nearest neighbour S-Au bonding configuration (one of those is visualized in Figure 4c together with the true interface structure). Root mean square displacement (RMSD) of Satoms between the predicted and the crystal structure were 0.59-0.71 Å. These small variations in the S-atom positions is a combined effect of the stochastic process and the error margins used for distances and angles.
Au 38 (SR) 24 . The second example structure is the prolate Au 38 (SR) 24 that has a face-fuced biicosahedral Au23 core and 6 long and 3 short units forming the protecting layer in D 3 symmetry. 18 In contrary to the previous example, we formed the group of reference structures from multiple other similar type of known protected gold clusters: Au 20 (SR) 16 24 was phenylethane thiol (PET) for which the closest CH 2 group to S-atom was modelled with 2.1 Å sized sphere. In this example, the error margin for the nearest neighbour distances was 0.2 Å and for the bond angles 15 degrees.
The generated model structures had at maximum of 24 ligands at the surface in all 100 trial structures.
92 out of 100 generated structures had all the 24 ligands correctly built by the nearest neighbour bonding configuration compared to the crystal structure with RMSD in range of 0.59-1.24 Å. The correctly predicted structures had all the S-atoms added into protecting unit Au-SR units. An example of one of the best model structures compared to the true experimental structure is shown in Figure 4b .
The success rate for our algorithm to predict an essentially correct structure was over 90 % in this case.
Au 36 (SR) 24 . The third example has an fcc-like Au core and 24 ligands on the surface. 17 In the experiment, tert-butyl-benzene (TBBT) ligand was used, and we modelled the steric space (phenyl ring) of the ligand by a rigid sphere of 2.5 Å radius. The error margin for the nearest neighbour distances was 0.2 Å and for the bond angles 15 degrees. The group of reference structures was otherwise the same as for Au 38 (SR) 24 but Au 36 (SR) 24 was replaced with Au 38 (SR) 24 .
Our algorithm predicts that at maximum 24 ligands can be reasonably added in positions resembling the form of protecting units without need for inclusion of extra single thiolates. Because 24 S-atoms was also the maximum number of ligands that could be added in total, the prediction process successfully separated the true structure from all model structures with the same ranking criteria as previously. 32 out of the 500 generated model structures had the correct overall surface structure conformation with RMSD to the crystal structure varying as 0.69-1.02 Å. For the two best structures all the S-atoms were added precisely into a unit-like conformation, whereas the other 30 correct structures had enough discrepancy in some of the bond angles or distances to prevent the complete assignment of S-atoms into unit conformation. In both cases the neighbours of all atoms were correct. One of the two best structures is shown in Figure 4a .
Au 146 (SR) 57. The fourth example has a C2 core symmetry with fcc-like areas twinned over a stacking fault with the protecting layer composed of 7 single bridged ligands, 19 short SR-Au-SR units and 4 long SR-Au-SR-Au-SR units. 23 In other words, 50 of the ligands are in unit-like conformation and 7 are clearly single bridged ligands. This cluster is structurally more complicated to the previous cases because of the size and the variety of different motifs on the surface. Hence, for the successful prediction process also single bridged ligands must be added. The error margin for the bond distances was 0.2 Å and for the bond angles 10 degrees. The group of reference structures was the same in previous examples but now both Au 36 (SR) 24 and Au 38 (SR) 24 were included.
In agreement with the details of the crystal structure, our method predicts that at maximum 50 S-atoms can be added on the surface in positions resembling unit-like conformations, after which 6-8 additional single bridged ligands could be added. In total, 400 different model structures were generated. 14 had the maximum 50 ligands in protecting unit-like conformation, which further divided into groups of two with 58 ligands, seven with 57 ligands, and five with 56 ligands in total. From all of the model clusters the true overall interface structure was correctly predicted six times regarding the S-Au nearest neighbour bonding with RMSD to the crystal structure being 0.70-0.78 Å for the S-atoms. One of the correct model structures is shown in Figure 4d together with the crystal structure. In general, each one of the above mentioned 14 best model clusters had more than 90% of S-atoms in correct positions, and no more than two of the positions of the single bridged S-atoms were incorrectly predicted.
Selected ranking of the model structures by the number of ligands in units and in total is still efficient as it helps narrowing down the number of realistic model structures to ten including also the true structure. The inconsistencies in the total number of bridged ligands arise mainly because the method allows in certain occasions addition of single bridged ligands into adjacent binding sites to another bridged ligand or to protecting unit which is not observed in the crystal structure. Other typical errors in the best structures were the missing or additional bridged ligands, a bridged ligand in realistic but wrong position or a realistic but wrong orientation of a short unit compared to the crystal structure.
These realistic but incorrect model structures could be potential low energy isomers for the experimentally resolved Au 146 (SR) 57 cluster. In total, 21888 model structures were generated and the highest number of S-atoms that could be added in unit-like conformations was around 60-66. This differs from the interpretation of Dass et al. which
shows 54 S-atoms in protecting units but is consistent with the number of S-atoms resembling protecting unit-like conformations. Furthermore, our algorithm predicts that at maximum 84-85 Satoms can be added at the Au-S interface in total, which matches with the true observed number of ligands in the experiment. Two of the structures had 85 S-atoms and 33 had 84 S-atoms, from which one model structure was correctly built by all the possible nearest neighbour Au-S bonding configurations with RMSD to the crystal structure being 0.70 Å. The correct model structure is visualized in Figure 4e . Similarly to Au146(SR)57, ranking based on the maximum number of ligands in units and in total is still efficient and diminishes the number of plausible structures. Again, similarly to the case of Au146(SR)57, almost all of the best model structures had only minor differences in a couple of specific local areas of the surface, which may illustrate the potential of finding low-energy isomers for this fairly large cluster that are not experimentally yet resolved.
Discussion
In this work, we have introduced a general method that can be used to predict metal-ligand interface structures of ligand protected metal nanoparticles. The method uses the information from the local bonding environments of known reference structures (in our case the reference structures comprise reported crystal structures of similar gold-thiolate nanoclusters) and can be easily generalized for the structural prediction of any nanostructure, in case enough reference information is available. The main variables, nearest neighbour bonds and bond angles between the interface atoms, are generally valid to be used for any atom type in any nanostructure. The steric parameters used in this paper can easily be generated to any atom types and molecular groups at the metal-ligand interface. Our algorithm is written in a modular way in order to maximize the flexibility and transferability to other metal-ligand systems, such as silver-thiolates, gold-phosphines, gold-alkynyls etc. An interesting test case would be provided by predictions of gold-thiolate interfacial structures in planar, self-assembling thiol monolayers on Au(111), which has been under intense investigations since 1980's. 25, 26 We validated the method by predicting the Au-S interface structure in five known thiolate-protected gold nanoclusters by building the thiolate layer around the gold core and by comparing the best-ranked structures with the crystal data. In all cases, the best-ranked structures essentially reproduced the Au-S bolding configuration found in the crystal structure, with minor RMSD values in the predicted S-atom positions with respect to the crystal structure. We expect that by applying structure optimization methods, a majority of the predicted structures would relax to the known experimental structure. For the two largest clusters studied in this work (Au146(SR)57 and Au279(SR)84), we also expect that a number of predicted best-ranked Au-S interface structures would lead to locally stable low-energy isomers lying energetically close to the known crystal structure. In this sense, our method should be useful in producing a number of potential structural isomers in a systematic and computationally effective way. These isomeric structures can then be examined with more robust energy-optimization methods such as DFT or DFT-based tight-binding methods. Since the spatial constraints from the ligand layer (i.e., the steric volume of the ligand molecule) are also parametrically included in the algorithm, our method should prove useful in estimating the effect of the bulkiness of the ligand to the Au-S interface structure.
Our experience on this method implies three critical points of concern to be adjusted to the system under investigation, to guarantee the success of the structure-prediction algorithm. First, a large enough sampling of the plausible local structures is needed in the set of reference structures. Second, the interval between grid points (Supplementary Fig. 1 ) has to be chosen fine enough. In this work, we used a value of 0.2 Å. Third, too large error margins in nearest neighbour bond lengths and bond angles at the interface may lead to improper bonding configurations that deviate from the true metal-ligand chemistry. We found reasonable to allow up to about 10% error in S-Au bond length and up to 15 degree error in RS-Au-SR angles.
Unguided stochastic process starts to dictate the generation of the model structures for larger systems so that ever larger number of model structures has to be generated in order to have a complete representation of all relevant overall conformations. A further advantage of our method is that it can be made guided for example by weighting the possible S-atom positions based on the number of S-atoms found for the previously generated model structure.
In this work, ranking of the "best" or "most probable" predicted interfacial structures was based on criteria of local bonding configurations of the sulfur atoms added on the gold core. Many different ranking criteria ("fitness functions") for the predicted structures would be straightforward to devise, including both local and global descriptors. Although outside of the scope of this work, we have already experimented studying correlations of the total energy of locally relaxed (by DFT) energy minima of a number of the "best" predicted structures of Au36(SR)24 to a "fitness function" that included also one global descriptor, namely, comparison of a calculated X-ray powder diffraction function (XRD) of the structure candidate to the one calculated from the known crystal structure of Au36(SR)24. We find clear positive correlation implying the predictive power of our method to yield candidate structures that are likely to have also the lowest total energies. Future work will be directed to developing numerically effective methods for evaluating the candidate structures, which eventually could reduce the need to use a large number of heavy total energy evaluations at the DFT level. We hope that the method described in this work can open new avenues for effective structural predictions of nanoparticles and more generally nanomaterials where the atomic-scale information of the metalligand interface is crucial to understand growth mechanisms, stability, dynamics and ensuing physicochemical properties. As such, our work is complementary to recent efforts to develop understanding of gold nanoparticle synthesis via deep learning.
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Methods
The main part of our method is described in the main text. The main Algorithm 1 depends on Algorithms 2-4 described here below. There are simple physico-chemical reasons for the selected parameters used in the prediction algorithm which are clarified at the end of this section.
The approach to use a greedy enlargement during the search resembles the classical graph traversal algorithms. 28 Such approaches form part of the search-based artificial intelligence as suggested by Nielsen. 29 
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Physico-chemical arguments for selection of parameters in the structure-prediction algorithm
Local environments (step 2):
The local bonding environment of any atom in any nanostructure can be specified by its nearest neighbours and N nearest neighbour bonds and angles. Extending the number of nearest neighbour distances to 3-4 takes into account some of the Au atoms in the metal core in the coordination sphere of S in addition to the covalent-like Au-S bonds in the protecting units. Taking into account specified bond angles makes the group of possible S-atom positions more accurate for example against stretched configurations of the protecting units. The angle between the S-atom and the two closest Au-atoms is the most important from all bond angles.
Bonding direction of the ligand (step 2):
Organic groups of ligands are usually pointing nearly perpendicular to the nearest neighbour Au-S bonds of the S-atoms on the surface of the protected gold cluster. A perpendicular direction is defined here as a natural bonding direction for each added ligand, which is used for testing spatial fitting. For each sulfur atom there can be either one or two possible directions to add the organic part of the ligand.
Mimicking the ligand with a sphere (step 2):
The steric demand of a molecular group of each ligand is described with a rigid sphere for each examined system. The size of the sphere is selected to be large enough to avoid unrealistic overlaps of the ligand and the gold atoms but small enough to allow configurations defined by weak interactions between the ligand and the surface. For example, a maximum size of the phenyl ring is in reality much larger than 2.5 Å, which is the size that is used here for example for the pMBA-ligand. A slightly smaller size is however more realistic because the distances in weak Au-π bonding configurations to the surroundings may be smaller than 3.0 Å. d1 and d2 are the two nearest neighbour Au-S distances and θ 1 is the selected bond angle between S-atom and the two nearest neighbour Au-atoms. 180 degrees is the angle that is used to recognize and add atoms into a SR-Au-SR protecting unit. Spatial fitting of ligands is tested with a rigid sphere (red dashed circle) in a perpendicular direction to the two nearest neighbour Au-S bonds of each S-atom. Distance of the sphere from the binding site S-atom is also defined. Here, the sphere mimicks the first CH2 group of phenyl ethane thiol SCH2CH2Ph. Colours as in Figure 1 . To enable a visual comparison, the Au-S bonds at the interface are shown by yellow in the known structure and by green in the predicted structure. Table 1 . Details, parameters and results related to the nanoclusters used for validation of the structureprediction algorithm. A) reference structures as labelled in Fig 3, B) the number of nearest neighbour distances / allowed error for each distance in Å, C) the number of nearest neighbour angles / allowed error for each angle in deg., D) ligand type / molecular group used in spatial fitting, E) radius of the rigid sphere used in spatial fitting and distance of the sphere from the S-atom, F) total number of generated model structures, G) the maximum number of S-atoms in protecting unit-like conformations, H) the maximum number of S-atoms in total, I) the number of correct model structures matching the true bonding configuration by the nearest neighbour Au-atom indices, J) root mean square displacement (RMSD, in Å) of the S-atoms of the best structures with respect to the S-atoms of the true structure. Table 1 : Details, parameters and results related to each of the studied protected nanoclusters including: A) reference structures as labeled in Fig 3, B) the number of nearest neighbor distances / allowed error for each distance [Å], C) the number of nearest neighbor angles / allowed error for each angle [ ], D) ligand type / molecular group used in spatial fitting, E) radius of the rigid sphere used in spatial fitting, F) distance of the sphere from the Satom, G) total number of generated model structures, H) the maximum number of S-atoms in protecting unit like conformations, I) the maximum number of S-atoms in total, J) the number of correct model structures matching the true bonding configuration by the nearest neighbor Au-atom indices, K) root mean square displacement (RMSD) inÅ of the S-atoms of the best structures with respect to the S-atoms of the true structure. Our first example is Au 102 (SR) 44 cluster, which has decahedral Au-core, and 19 short and 2 long protecting units arranged on the surface in C 2 overall symmetry. For this example we formed the group of known reference structures from two partial local structures: one short unit and one long unit, which are shown in Figure 3a . This first example highlights one possible use of the introduced method: solving the overall interface structure starting Visualization of a 3D grid centered around the gold atoms of a Aux(SR)y cluster. Possible sites for sulfur atoms at the gold surface are tested at the grid points using criteria based on the reference structures of known Aux(SR)y clusters. In this work, the interval between grid points was 0.2 Å in all directions.
Gold-
